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Statistical Parametric Mapping - 
The Analysis of Functional Brain 
Images (2007). Edited by Friston 
K.J., Ashburner J., Penny W., 
Kiebel S.J., Nichols T.E., 
Elsevier, London 

http://www.fil.ion.ucl.ac.uk/spm/course/ 

http://www.fil.ion.ucl.ac.uk/mfd/ http://imaging.mrc-cbu.cam.ac.uk/imaging/AnalysisPrinciples 

http://fsl.fmrib.ox.ac.uk/fslcourse/ 



Statistical  inference  

The general  linear  model (GLM)  

Modelling the BOLD signal 

Where does the hemodynamic response function (HRF) come from? 

Formulation and resolution 

Collinear regressors 

Group analysis  

Results  visualization  

Using derivatives of the HRF 
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Formulation and resolution The general  linear  model (GLM)  

t 

BOLD signal in voxel k 

hemodynamic response 

function 

t 

neuronal response function 

(unknown) 

convolution model 



30 150 270 t(s) 

BOLD signal in voxel k 

hemodynamic response 

function 

neuronal response function 

(modelled from paradigm) 

30 150 270 t(s) 

C1 

Formulation and resolution The general  linear  model (GLM)  

convolution model 

t 

BOLD signal in voxel k 

hemodynamic response 

function 

t 

neuronal response function 

(unknown) 

convolution model 



30 150 270 t(s) 

t 

BOLD signal in voxel k 

hemodynamic response 

function 

t 

neuronal response function 

(unknown) 

BOLD signal in voxel k 

hemodynamic response 

function HRF 

neuronal response function 

(modelled from paradigm) 

30 150 270 t(s) 

C2 

Formulation and resolution The general  linear  model (GLM)  

convolution model convolution model 



in each voxel k 
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in each voxel k y(t) = b 1 x 1 (t)  + b 2 x 2 (t) + b 0 x 0 (t) + e(t) 

noise 
(assumed i.i.d.) 

30 150 270 t(s) 30 150 270 t(s) 

regressors: known 
(modelled) 

unknown 
(to be estimated) 

Formulation and resolution The general  linear  model (GLM)  

30 150 270 t(s) 

1 



3
0
 

1
5
0
 

2
7
0
 

t(s
) 

3
0
 

1
5
0
 

2
7
0
 

t(s
) 

in each voxel k y(t) = b 1 x 1 (t)  + b 2 x 2 (t) + b 0 x 0 (t) + e(t) 

3
0
 

1
5
0
 

2
7
0
 

t(s
) 

1
 

Formulation and resolution The general  linear  model (GLM)  



in each voxel k y(t) = b 1 x 1 (t)  + b 2 x 2 (t) + é + b p x p (t) + b 0 x 0 (t) + e(t) 

motion parameters 
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Model: 

y(t) = b 1 x 1 (t) + b 0 x 0 (t) + e(t) 

Ordinary least-squares estimation 

Y = Xb + E 

t 

x 0 (t) = 1  

Compute: y(t) = b 1 x 1 (t) + b 0 x 0 (t) 

Such that:  S e2 (t) = S( y(t) ï y(t) )2 is minimum (sum of squared errors)  

b 0 = 3.29 

b 1 = 34.11 
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Explained variance, residual erroré 
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Y = Xb 

Explained variance, residual erroré Y = Xb + E 
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Y = Xb 

Explained variance, residual erroré Y = Xb + E 

b0 = 19.26  b1 = 19.98 

mean 
sum of 
squares 

Var(E) = 154.54 (s = 12.43) 

E = Y - Y « residual error » 

residual sum of squares (RSS) = residual variance = variance of E 
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signal variance = explained variance + residual variance  



Explained variance, residual erroré 
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Y = Xb 

b0 = 10.05   b1 = 28.98   b2 = 29.62 

Y = Xb + E 


